Introduction
This paper elaborates an empirical analysis of green employment, and focuses on the salient labour force characteristics that emerge or change as a result of commitments towards environmental sustainability. The transition to greener forms of production, distribution and consumption is generally touted as a source of long-term benefits in the form of reduced environmental damage but, also, of new opportunities for economic development (Porter and van der Linde, 1995) . While previous literature focuses on the effects of environmental regulation on employment, innovation and firm performance, no study has looked at the relationship between green technologies and the demand for skills. Yet this is an issue of primary importance to inform educational policy aimed at addressing issues such as skill shortages and skill mismatches.
Our belief is that understanding the labour market implications of green growth requires a careful articulation of how changes in the organization of production map onto the reconfiguration of work activities. This entails, first, acknowledging that the spectrum of actions for tackling environmental issues includes options as diverse as reducing greenhouse gas emission by developing renewable energy source; increasing the efficiency of energy usage in transport, building and industrial productions; recycling and reusing materials; et cetera. Such diversity implies that environmental sustainability can alter the organization of established industries but also stimulate the emergence of new ones (OECD, 2010) . The implications for the workforce can be manifold and encompass the appearance of new occupations; the extinction of old ones; as well as significant changes in the job content or increased demand for continuing occupations (Dierdorff et al, 2009; Vona and Consoli, 2015) . We argue that an articulation in these terms is important for locating, describing, and weighing the effect of green growth on employment.
The empirical analysis presented here focuses on the multifaceted nature of human labour, and considers complementary dimensions such as job task, formal education requirements as well as the professional pathways through which employees acquire and carry know-how, namely on-the-job training and work experience. While the latter are standard measures in human capital theory (Becker, 1962 ) the direct analysis of skills and tasks captures a different aspect, namely the relative importance of any work activity, and of the attendant know-how, within the mix of activities that characterise an occupation. Inspired after scholarly work on cognitive comparative advantage and artificial intelligence (Simon, 1969) , empirical indicators based on the measurement of job skills and tasks allow a more nuanced understanding of how global economic forces stimulate the emergence of new abilities, the disappearance of old ones as well as the recombination of old and new skills (Autor et al, 2003; Levy and Murnane, 2004) . This approach also calls attention to the trade-off between specialization and generality of labour skills across industries and occupations. The traditional human capital literature suggests that job displacement, a likely outcome of a technological transition like the greening of the economy, is more costly both for workers and society if skills are not easily transferable across contexts of use. But this raises the question of which types of know-how can either become or stay relevant in the transition towards sustainable economies. It will be argued here that the task-based approach complements standard human capital theory in that it facilitates the assessment of cross-occupational skill proximity (Poletaev and Robinson, 2008; Gathmann and Schoenberg, 2009 ).
Building on the above, the main goal of the paper is to profile the skill and educational content of green occupations in the United States (US). In so doing we seek to address the following questions:
1. Are occupation-specific levels of formal education, work experience and on-thejob training higher for green jobs compared to non-green ones? 2. Is the task profile of green jobs different from that of non-green ones?
3. To what extent are non-green skills transferable to green occupations?
Our analysis builds on cross-sectional data on 905 occupations based on the O*NET (Occupational Information Network) repository of occupation-specific information. The empirical strategy is articulated in two steps. First, using the O*NET taxonomy we identify one subset of green occupations and one of non-green occupations that share similarities in terms of occupational characteristics. Among the former we distinguish between existing occupations that undergo a transformation in both the task content and the attending skills (Green Enhanced Skills); and new occupations that emerge as a result of the green economy (Green Emerging). Secondly, we compare green and nongreen occupations in relation to (i) standard measures of human capital (educational level, on-the-job training and work experience); (ii) the task content of occupations based on the taxonomy of Autor et al. (2003) ; and (iii) on occupational exposure to technology (including environmentally-oriented one) captured, among the others, by means of data on patents and R&D expenditure.
On the whole, our empirical exercise highlights important shortcomings of the binary logic of 'green versus brown' jobs that has dominated the scholarly and the policy debate so far. The empirical profiling reveals that in general green jobs use non-routine (resp. routine) cognitive skills significantly more (resp. less) than non-green jobs. At the same time, existing occupations that are expected to experience a change of skill content due to the greening of the economy exhibit higher levels of formal education, work experience and on-the-job training compared to non-green jobs. On the other hand, we find that on-the-job training is a distinctive feature of new occupations emerging in the context of the environmental transition. While preliminary, this exploratory analysis seeks to indicate a promising route for understanding the labour market implications of the transition towards green growth.
The remainder of the paper is organized as follows. Section 2 presents an overview of existing research on green employment and green skills. Section 3 outlines the data and the empirical methodology. Section 4 elaborates the empirical analysis. The last section concludes and summarises.
Green Employment vs. Green Skills
The achievement of environmentally sustainable growth is more than ever at the top of the global policy agenda. Ad-hoc interventions such as Europe's 2020 strategy (European Commission, 2010) or the Green Jobs Act in the US are instances of governments' commitment to provide a new impulse to smart, sustainable and inclusive economic growth. Parallel to the public debate, academic research strives to understand whether and to what extent the transition towards sustainable production yields job creation or destruction. This section provides an overview of the literature concerned with these issues organized in two blocks. First, we focus on studies that provide quantitative estimations of net employment effects due to environmental regulation and innovation. It will be argued that the neglect of the skill requirements of green jobs is a key conceptual shortcoming of this research considering that the costs of compliance and the opportunities afforded by environmental policies depend on the availability of appropriate human capital.
Government intervention, technology and employment
While there is broad consensus on whether government should be actively involved in promoting and supporting environmental sustainability, how such an involvement should be designed and implemented remains controversial. The spectrum of possible actions is wide and encompasses options such as carbon prices, R&D subsidies and regulation, as well as many other routes for implementation (Aghion et al., 2009; Mowery et al, 2010) . In practice, several instruments are embedded within a policy mix that seeks a balance among multiple, at times contrasting, issues while at the same time preserving flexibility and adaptability (OECD, 2007) . Unsurprisingly assessing the effectiveness of government intervention in support of green growth is at the core of a fierce debate (see reviews by Jaffe et al, 1995, and Bowen, 2012) .
The empirical evidence on the employment effects of environmental policies and regulation is mixed. Some studies are openly critical towards environmental policy on the grounds that it is either cost-ineffective (Michaels and Murphy, 2009; Hughes, 2011) or conducive to job destruction (Álvarez, 2009; Morriss et al., 2009 ). This stands in contrast with positive forecasts on the expansion of the markets for environmental goods and services which are normally labour intensive (e.g. Engel and Kammen, 2004; Selwyn and Leverett, 2006; UNEP, 2008) . More nuanced evidence comes from studies on direct interventions, such as regulation that establishes emission criteria. In the United States the latter is enforced by government organizations in charge of mandating plant-specific interventions such as the installation of state-of-the-art technology.
1 Again, the evidence is mixed. Some scholars evaluate the employment effects of environmental regulation in relation to industry specificities (e.g. Morgenstern et al, 2002) , plant characteristics (e.g. Becker, 2005; Becker et al, 2013) or type of pollutant (e.g. Greenstone, 2004) . Accordingly, some works report job losses (e.g. Henderson, 1996; Khan, 1997; Greenstone, 2002) , others find no significant impact (e.g. Berman and Bui, 2001; Morgenstern et al, 2002; Cole and Elliott, 2007) while others conclude that environmental regulation triggers job creation (Bezdek et al, 2008) . Very recent estimates reinforce the notion that ER has a negative effect on employment (Walker, 1 In the US a national organization, the Environmental Protection Agency, and individual states have a prominent role in enforcing compliance with emission standards. For instance, state regulation programs must undergo EPA approval in order to ensure balance in regulatory intensity across states. If a county is not in attainment, the state must submit local intervention plans or fine non-compliers. In turn, noncompliance on the part of a state entails loss of federal funding (Becker and Henderson, 2000 Another strand of research gauges the effects of environmental technological change on employment (see Yi, 2014 for a review). From a theoretical point of view product innovations are expected to have a positive, demand-related, effect (Harrison et al., 2014) while process innovations to a negative effect because of increased labour productivity Peters, 2013, 2014; Pfeiffer and Rennings, 2001) . Conversely, empirical studies contemplate multiple scenarios ranging from negative labour market outcomes (e.g. Cainelli et al., 2011) to weakly positive employment effects. In addition, cleaner production methods have been found to have a positive employment effect while end-of-pipe solutions have a negative effect (Pfeiffer and Rennings, 2001; Rennings et al., 2004) . Other studies highlight contrasting employment effects of innovation in materials and energy savings, which increase competitiveness and stimulate job creation, compared to innovation in air and water processes, wherein endof-pipe solutions and labour demand is expected to decrease (Horbach and Rennings, 2013) . Scholars also distinguish labour market outcomes depending on whether innovation is specifically environmental or has a more general character, but the evidence is not conclusive. In particular, Horbach (2010) and Gagliardi et al. (2014) find positive and stronger effects for environmental innovations only, while Peters (2013, 2014 ) find positive but not significant differences between environmental and non-environmental product innovations.
We argue that the almost exclusive focus on quantitative employment effects in the literature reviewed above overlooks the role of qualitative changes in the organization and the content of labour. The emergence of a new technological paradigm is likely to stimulate the appearance of new occupations, new skills and novel combinations of existing know-how (Vona and which the extant literature neglects. We address this gap by shifting perspectives and using jobs, rather than sectors or firms, as unit of analysis with a view to capture changes in the knowledge content of occupations.
To do that, however, we first need to clarify some important aspects of the type of employment that is usually associated to green growth. (i) Existing occupations that are expected to experience significant employment growth due to the greening of the economy (Green Demand);
Green jobs and Green Skills
(ii) Existing occupations that are expected to undergo significant changes in terms of task content (Green Enhanced Skills); and (iii) New occupations that emerge as a response to specific needs of the green economy (Green Emerging).
The strength of this approach is that it focuses on occupations, which is the natural unit of analysis for the study of employment. Yet another virtue of the O*NET method is that it uses large-scale surveys at establishment-level to retrieve detailed information on green jobs. 4 In the remainder of the paper we use this information to profile the skill content of green jobs, in particular of Green Enhanced Skills and Green Emerging occupations. The Green Demand group captures employment effects, and indeed a look at their job content and task description confirms that these can be considered only indirectly 'green'.
5
The goal of elaborating an empirical analysis based on the direct observation of job characteristics is better interpreted through the lenses of the human capital literature. As anticipated in the introduction, there are two main approaches to human capital in economics: the standard approach and the task-based approach. The former has contributed significantly to the field of labour economics by shedding light on the different forms of training that contribute to increase workers' know-how (Becker, 3 The three typologies of green occupations are identified with the multi-step methodological approach detailed in Dierdorff et al. (2009) . In short, this involves reviewing the existing literature to assist the compilation of job titles, clustering titles to identify occupations, assigning occupations to sectors and to O*NET occupational categories. 4 This approach is not free from criticism: some argue that it still underestimates occupations that bring to bear on green production activities indirectly (Peters et al, 2011; Pollack, 2012) . 5 The Green Demand group is excluded because it includes only pre-existing occupations that do not undergo any significant change in terms of the labour force characteristics under analysis, changes that are the main focus of the present paper. Clearly, the identification of non-green matches (see Section 3.1) would have been hardly meaningful for this particular group.
1962; Mincer, 1962) . Accordingly, formal education is expected to deliver a general type of learning while on-the-job training programmes are tailored around firm specific needs and are arguably more responsive to emerging skill-gaps. This supply-side approach focuses on the accumulation of knowledge by workers at school or in the workplace through learning by doing (experience) or specific training. For the purpose of our analysis we extend this conceptual framework by drawing on the approach of Autor, Levy and Murnane (2003) The task-based approach is appealing for the analysis of human capital for a number of reasons. From a conceptual viewpoint it allows for flexible interpretations of the relation between labour and capital, which is especially suited when technology plays a dual role, partly complementing and partly substituting human work (Autor, 2013) .
Secondly, it resonates with evidence on non-neutral labour market outcomes and changes in the organization of production associated to the diffusion of new General Purpose Technologies (GPTs) for which the traditional capital-skill complementarity hypothesis (i.e. Krusell et al. 2000) does not suffice. Beyond the renowned case of ICTs, this framework provides a reasonable account for cross-country empirical evidence (Goos et al, 2009 ), for another major technological transitions, electrification in the XIX century, (Gray, 2013) , and for more recent analyses of changes in the structure of employment due to globalization Consoli et al, 2014 ).
Last but not least, the task-based approach is a promising avenue to address key questions concerning the employment effects of green growth, namely: is the task content of green jobs proximate to that of existing occupations? And, where will the necessary know-how come from?
Allied to these questions is another issue, namely the transferability of know-how.
As the standard human capital literature has it, job displacement and unemployment entail higher costs for both workers and the economy if human capital is not easily transferable across jobs. Poletaev and Robinson (2008) add to this by drawing attention to skill portfolios, that is, combinations of skills within an occupation. This work shows that the largest human capital losses are not due to switching across industry or occupation per se but, rather, to job-to-job transitions that entail significant changes in the tasks content. This leads also to expect that staying in the same occupation and having experience with various occupation-specific tasks can trigger "inter-task learning" and the build-up of a broader or deeper human capital stock. On the whole greater understanding of the composition of know-how of occupations, as per the taskbased approach provides useful insights into this debate beyond the standard arguments of the human capital literature (see Gathmann and Schoenberg, 2009 ).
To the best of our knowledge the academic literature has so far neglected the labour market consequences of the transition towards green economies. We argue that this issue is central to the policy debate considering that adaptability and transferability of workers' competences are crucial for reorganizing the economy towards a low-carbon regime (Strietska-Ilina et al., 2011; OECD/Cedefop, 2014) . The next section will present the data, the empirical strategy and the analysis.
Skill Measures, Methodology and Data

Methodology
The main goal of this paper is to provide a descriptive analysis of the extent to which the skill content of green occupations differs from that of non-green occupations. The focus on occupations resonates with literature emphasising that employment is a pathway for the translation of human know-how into productive activities (Holland, 1997; Levy and Murnarne, 2004) . This is especially relevant for innovation studies because it draws attention to the mechanisms by which forms of know-how acquire or lose relevance, and to the role of technology .
To operationalize matters, we estimate the following equation:
( 1) where is a set of skill measures for occupation i; and are dummy variables that are equal to 1 for 8-digit occupations that have been identified respectively as Green enhanced skill and Green emerging (see section 2.2), and zero otherwise; is a full set of 3-digit SOC (Standard Occupational Classification) dummy variables; is the residual.
As will be discussed in section 4, green occupations are mostly concentrated within few macro-occupational groups. Failing to account for this peculiarity when comparing the skill content of green and non-green occupations might yield results that are driven by heterogeneity in the average skill content of macro-occupations rather than true specificities of green occupations. Accordingly, we look beyond mere differences across macro-occupations by implementing a rough 'matching' approach.
The inclusion of the 3-digit SOC dummies allows us to control for macro differences related, for example, to job complexity and thus drawing comparisons among narrow occupations within the same macro-occupational group. Moreover we focus on 3-digit This risk is however limited because for the majority of occupations we can establish a perfect one-to-one matching between the 8-digit and the 6-digit SOC level.
The estimated coefficients and of equation (1) provide an aggregate indication of the differences between Green and non-Green occupations but are not informative on whether such differences depend on occupational quality. This limits their use for the purpose of policy, particularly to target educational and training programs to specific occupational categories. The ideal solution would be using quantile regressions but the small sample size available -465 occupations -prevents us from conditioning the estimated and to occupational quality. We therefore opt for a descriptive approach based on computing for each 3-digit SOC group a skill distance between the two green jobs categories on the one hand and the 'control' non-Green group on the other. Gathmann and Schonberg (2010) employ a similar method to measure the loss of occupation-specific human capital due to job-to-job transitions. Their analysis builds on the uncentered correlation between skill vectors of two occupations, basically a distance metric similar to those for measuring technological distance (see e.g. Jaffe, 1986; Nesta and Saviotti, 2005; Neffke et al, 2011) . However, this kind of measure exhibits reasonable level of variability only when very different occupational types are compared, in our case green and non-green jobs within narrow and rather similar 3-digit SOC groups. To address this shortcoming, we propose a simpler metric based on the sum of the module of the difference between task items:
where g and ng denote, respectively, green and non-green jobs; tasks denotes the key items j of ALM's (2003) task constructs, e.g. "Routine" and "Non-Routine" (see Table   1 ). 7 Since each of these constructs includes six task items and each item varies between 0 and 1, the theoretical maximum for the sum of the distance between task items equals six. 8 Notice that we compare Non-Green, Green enhanced skills and Green emerging occupations and that for each 3-digit group more than one occupation can belong to each group. To simplify, we compare the average skill measure for each of the three groups weighted for the employment shares of the individual occupation within that group. Overall, the index allows us to gather policy-relevant insights on whether skill differences between green and non-green jobs are concentrated in top or bottom occupational groups.
The final step of our analysis consists in re-estimating equation (1) with the inclusion of various indicators of occupational exposure to technology (see Section 3.2 for further details on the construction of these indicators). The idea is that differences in skill content between green and non-green occupations may be driven by differential exposure to technology -that i.e. may require particular types of skills -rather than by other factors affecting the skill profile of green occupations, such as organizational factors. Going back to the earlier example, exposure to 'environmental patents' for 'Environmental engineers' is about 1.88 patents per 1,000 employees while exposure to 'environmental patents' of the non-green occupation 'Agricultural engineers' (17-2021.00) is about ten times smaller (0.186). Thereby differences in the skill profiles of 'Agricultural engineers' and of 'Environmental engineers' may be due to exposure to technology that affects the demand for some types of skills (see section 2.2) rather to than actual specificities of the green occupation relative to the non-green one.
Accounting for this type of occupational exposure allows us to capture skill specificities (or absence thereof) beyond simple effects due to complementarity or substitutability between skills and technology. As the following section will illustrate, our measures of technology exposure include general measures that have been used in the literature reviewed earlier (capital investment and investment in ICTs) as well as measures strictly relevant to the green economy.
Measures and Data
A relevant problem in the quantitative research on green occupations and related skills is the limited availability of data (ILO, 2011b) . To overcome this limitation we rely on cross-sectional data on 905 occupations (8-digit SOC) in the United States (US).
In particular, we combine occupation-specific information (detailed skill measures, Table 1 shows a summary of O*NET items that are relevant for the present paper.
9 From the initial set of 974 occupations we end up with 905 occupations as a consequence of the exclusion of employment in the non-business industries.
[ Table 1 about here]
We use nine O*NET descriptors to assess differences in the skill content of green jobs compared to non-green ones. The first three items relate to standard human capital measures such as minimum years of education required for the job (a proxy of general skills), required training (a proxy of specific skills) and required experience (a proxy of learning on the job). The second group of measures is based on the work on routinization of ALM (2003) and Acemoglu and Autor (2011) . 10 In particular, we consider six task-based measures of skills: non-routine abstract tasks (including cognitive and interactive tasks), routine cognitive tasks, routine manual tasks and nonroutine manual tasks and a synthetic index that measures the prevalence of routine tasks vis-à-vis non-routine task, called Routine Intensity Index (RTI henceforth, see Table 1 for details). The first four measures are computed as the raw average of items' scores, normalized to vary between 0 and 1.
For each occupation we evaluate the extent to which workers are exposed to technology. This is useful to account for additional conditioning factors in the skill profiling of green occupations. Our indicator of exposure is:
This should be interpreted as intensity of investment (or patents) per employee invested, on average, for each employee in an occupation independent of the industry.
We build indicators for various forms of technology, namely investment in fixed assets, investment in ICT technologies, total R&D and environment-related R&D expenditure and total and environment-related patent stock. Details on data sources and construction of the variables are reported in Appendix 1. 11 BLS collects information on employment in each 6-digit SOC occupation and its distribution across 4-digit NAICS industries. This is true also when 10 Our task and skill measures are exactly those used by Acemoglu and Autor (2011 
Results
The present section operationalizes the empirical strategy laid out in Section 3.1, and is organized in three steps. After having presented aggregate evidence on green employment in the US, the first subsection includes a comparison between green and non-green jobs within similar 3-digit SOC classes, and pinpoints the occupations that exhibit the greatest differences. Subsequently, we put the skill distance measure between green and non-green occupation by macro-occupational group to the test in section 4.2 and, finally, test the robustness of our skill profiling by means of various proxies of technology. [ Table 2 and Table 3 about here]
Skill profiling of green occupations
To gauge the scale of green employment we report employment shares by macrooccupation in Table 3 . As discussed in section 3.1, we cannot observe employment figures at the 8-digit level but only at the 6-digit level. Accordingly we assume that employment is distributed uniformly across 8-digit occupations within the same 6-digit occupation. If 8-digit green occupations were systematically smaller (bigger) in terms of employment that non-green occupations within the same 6-digit occupation, the aggregate employment of green occupations would be overestimated (underestimated).
On the basis of our lower bound estimates (assuming that, in presence of both green and non-green occupations within the same 6-digit occupations, green occupations have no employees), green occupations account for about 9.8 percent of total private sector nonagricultural employment in the US. Conversely, when employing the approximate SOC 8-digit weights, this figure increases to 11 percent and to a further 12.3 percent when the 'green occupation' status is attributed to all occupations within the 6-digit group with at least one green occupation. This appears at variance with estimates of US green employment coming from sources such as BLS and OECD that usually range between 2 and 4 percent (see also Looking at the distribution of employment in green occupations in Table 3 we observe that, similar to the number of occupations, they are concentrated in few macrooccupational groups, particularly occupations intensive of abstract tasks or routinemanual occupations. Among 2-digit SOC high-skill abstract occupations, Management (SOC 2-digit: 11) and Architects and Engineers (SOC 2-digit: 17) have the largest share of green employment shares both in absolute terms and relative to the 2-digit total. [ Table 4 , Table 5 and To gauge the magnitude of these differences, we quantify the estimated effects in terms of interquartile ranges (IQRs). Since our skill measures are intrinsically qualitative, an 'absolute' quantification based on standard deviation differences would be not appropriate. For the sake of space, we only comment on differences in skill measures that are statistically significant. Starting with Green enhanced skills, the differences are modest but not negligible: the importance of NRC skills occupations is 0.13 IQRs higher than that of non-green occupations, while the importance of RC skills is 0.2 IQRs lower. The overall difference is somehow diluted up to 0.086 IQRs when using the RTI indicator that also contains NRI and RM skills. In Green emerging occupations, the only significant difference is the lower importance of RC skills that is however quite large in since these are about 0.32 IQRs less important compared to non- 13 The periodical updates to importance scores of skills and tasks in the O*NET database is exactly aimed at consolidating the profile of occupations and to update these profiles to account for changes in the skill and task content of occupations.
green occupations, while the coefficient for RTI is only near significant (p-value 0.147), with a difference with respect to non-green occupations of about 0.1 IQRs.
To reiterate, according to the standard literature (e.g. Autor et al, 2003; Levy and Murnane, 2004) non-routine tasks entail cognitive or interpersonal know-how to deal with non-fully predictable work environments, while routine skills are intensive in occupations based on the execution of explicit instructions (e.g. book-keeping, clerical work, automated productions). In general our results suggest that the task environment of green occupations (both green emerging and green enhanced) is less routinized than that of their peer non-green jobs, and therefore that green work activities are in the process of definition. This seems to hold particularly true for cognitive tasks and resonates with the observation that green technology is still at early stages and, thus, that it requires scientific and technical creativity to be mastered and operationalised by the workforce (Vona and Consoli, 2015) .
Moving to other dimensions of human capital, education, experience and on-the-job training, the differences between green occupations and similar non-green occupations are more substantial. This is especially the case for Green enhanced skills occupations which require 1.9 percent more years of education than comparable non-green occupations, about 13 weeks when evaluated at the overall sample mean. The relative difference increases substantially for Green enhanced skills when considering additional years of experience (43 percent, corresponding to about ten months when evaluated at the overall sample mean) and years of training (41 percent, corresponding to about 15 weeks when evaluated at the overall sample mean). Finally, for Green emerging occupations, no difference relative to non-green occupations is found in terms of years of education and years of experience while they require 18 percent more years of training than non-green occupations, corresponding to slightly less than seven weeks when evaluated at the overall sample mean. These results therefore point to interesting differences also between the two types of green occupations under analysis, and in particular to the prominence of on-the-job training programmes as opposed to formal education for new Green emerging occupations, which resonates with the basic tenet of human capital theory (e.g. Becker, 1962) .
Skill distances across occupations
The results of section 4.1 identify average skill differences between green and nongreen jobs but say nothing on which 3-digit SOC occupational groups exhibit the greatest gaps. This is essential to understand where skill transferability from non-green to green activities may be smoother within the occupational spectrum. To fill this gap we compute for each 3-digit SOC group a skill distance between the two categories of green jobs, on the one hand, and the non-green job, on the other (see Equation 2 ). The distance measure is computed separately for Routine and Non-Routine skills, and here reported only for Non-routine for the sake of space. Table 7 reports the skill distances, with the 5 biggest distances in bold and the 5 smallest distances in italic. Since our indicator captures large differences in basic items that offset each other, but says nothing about the direction of the difference, we report also the synthetic index of Routine Task Intensity by group (last three columns).
[ Table 7 about here]
To be sure, such an exercise highlights the remarkable difficulty of identifying coherent clusters of occupations with respectively large and small skill distance. To illustrate, consider the example of Construction workers (low distance) and other construction workers (high distance) ( Table 7) . As concerns Green enhanced skills, high differences resonate with the results outlined above and indicate an association with significantly lower Routine intensity (around one standard deviation lower) for Architects, Other construction workers and Lawyers. Green social scientists are an exception and appear considerably more routine intensive than their non-green counterpart. As expected, green enhanced jobs with low skill distance display also a negligible difference in the RTI index. Looking at the Green emerging group, comparisons are limited by the fact that these occupations are only in few 3-digit groups disproportionately concentrated among top occupations. It is therefore quite surprising that the largest skill differences are concentrated in few middle-and low-skill occupations such as residual production jobs, sales representative and construction trade workers. Conversely, engineering, scientists and operation managers display the lowest skill distance. 
Green skills and exposure to technology
As anticipated earlier (section 3.2) differences in skills within narrow comparison groups may be driven by differences in the exposure to technology (and consequently by the link between technology and skills) rather than actual specificities in the skill profile of green occupations. For this reason we check whether green occupations differ from similar occupations (within the same 3-digit SOC occupational group) in terms of exposure to our measures of technology. Results are reported in Table 8 .
[ Table 8 , Table 9, Table 10 , Table 11 and Table 12 about here]
Green enhanced skills are significantly more exposed to all measures of technology except ICT, for which no difference is found with respect to similar non-green occupations. As regards Green emerging occupations we find higher exposure to investment in fixed assets as well as to general R&D and patents relative to similar nongreen occupations. Interestingly, no differences emerge between Green emerging occupations and similar occupations in terms of green technologies. While this does not point to lack of exposure to green technologies, it suggests that activities involved in new green occupations do not specifically involve use and operation of codified greenspecific technologies (like Green enhanced skills occupations), but possibly adaptation of "general" knowledge to emergent environmental needs. The magnitude of these differences, especially if we consider that we are looking at the variation within 3-digit occupational groups, is large. This is especially so when considering general patents (about 0.6 log points for Green enhanced skills occupations and 0.5 log points for
Green emerging occupations) and general R&D (about 0.3 log points for both Green emerging skills and Green enhanced skills occupations). On the other hand, differences in exposure to green-specific technologies (environmental patents and environmental R&D) are only significant for Green enhanced skills though the magnitude of the relative differences is smaller for green-specific technologies than for general
technologies. For what concerns investments in fixed capital and in ICT capital, the difference in exposure between green occupations and other occupations is bigger and statistically significant for Green emerging occupations than for Green enhanced skills occupations, with Green emerging occupations showing an exposure to investments in fixed capital (resp. ICT capital) about 0.19 (resp. 0.13) log points greater than similar non-green occupations.
To appreciate whether skill differences between green and non-green occupations are driven by differences in the exposure to technology and not by other specificities of green occupations, we enrich the baseline specification of equation 1 with a series of variables that capture exposure of occupations to technology (see Section 3.1). In line with the literature reviewed in Section 2, we include log investment in equipment (inv_tot) and in ICT capital (ICT) and, in addition, exposure to less mature technologies
. not yet embodied in physical capital) measured, alternatively, by R&D (total and green R&D - Table 9 and Table 10 ) and patents (total and green patents - Table 11 and   Table 12 ). It is important to stress that the cross-sectional nature of our data does not allow controlling for unobserved heterogeneity across occupations, and the goal of our exercise is primarily illustrative.
Generally, the inclusion of measures of exposure to technology does not influence the estimated differences in the skill and human capital content of green occupations with respect to non-green occupations. Statistical significance is unaffected both when including exposure to R&D and exposure to patents: the only notable difference is that now no significant difference is found in terms of years of training between Green emerging occupations and non-green occupations. For what concerns differences in the skill content of green and non-green occupations, these tend to be slightly smaller in absolute terms when controlling for exposure to technology, with the exception of RC skills for which the difference in absolute terms is slightly higher. It should be noted, however, that even after considering exposure to technology the results for the Green emerging and Green enhanced skills are not statistically different from those reported above (Table 5 and   Table 6 ).
In sum, with the exception of on-the-job training for Green emerging occupations, differences between green and non-green occupations do not depend on differences (though significant) in their exposure to technologies but, rather, on other characteristics of green activities vis-à-vis non-green ones that affect the workforce profile, e.g. organisational changes. The obligatory caveat at this point is that our study is a preliminary go at an arguably complex issue, and hopefully future research will propose more suitable measures of green technology adoption than those based on patent counts or environmental R&D expenditure.
Concluding remarks and the way ahead
This paper has proposed an empirical analysis of the skill content of green occupations, a theme that will no doubt attract considerable interest in the near future, especially among scholars of innovation and science and technology policy. The main motivation of our study is that labour is the pathway through which new forms of knowhow or criteria of operation are channelled into the productive system, and that understanding the workforce implications of green growth requires a careful articulation of how changes in the organization of production map onto the reconfiguration of work.
We propose to do this by using traditional measures of human capital as well as taskbased skill indicators recently used to study the relationship between technology and employment.
The main result is that green occupations exhibit significant differences from nongreen occupations. In particular, green jobs are characterized by higher levels of nonroutine cognitive skills and higher dependence on formal education, work experience and on-the-job training. The empirical evidence also indicates that the greening of the economy is in progress, and that work activities are not characterized by a high degree of routinization. This resonates with the remark that environmental technologies are still at early stages of the life cycle wherein cognitive skills such as design and problem solving are essential in guiding future developments. Our results show that formal education, work experience and on-the-job training are more prominent among existing occupations that are undergoing qualitative change due to the greening of the economy compared to similar non-green jobs. Parallel to this, on-the-job training emerges as very important among new green occupations. The main implication is that educational policy per se may not be sufficient to support green human capital formation, and that learning by doing should be kept in strong consideration when formulating policies that favour the adaptation of workforce skills to the demands of a changing production paradigm. Likewise, we envisage actors such as industry and sector consortia and interfirm associations to be well positioned for mitigating the risk of free-riding and favouring positive externalities in the creation of green human capital.
The limitations of the present study suggest interesting directions for future research.
First, given the paucity of academic research on green employment we relied on established measures of skills and human capital. Future work will hopefully take further steps at identifying the skills that are crucial in the transition to environmental sustainability. Second, we could not analyse complementarities among different types of skills and different forms of learning based on formal education, on-the-job training and experience. Third, our analysis is silent on the timing of entry in the job market, and results may be sensitive to the age of workers, so that the relative advantage of formal education versus on-the-job training and experience may change depending on the proportion of entrants over tenured workers. One might expect that when many young cohorts enter the job market, university education is more important and, on the contrary, re-skilling is more relevant during stagnant phases. It is hoped that future research will explore these and other relevant issues in this promising line of work. Table 4a and Table 4b .
Data on R&D expenditure (2008) (2009) (2010) are made available by the National Science Foundation (NSF). We further split total R&D into the amount of R&D related to environmental protection and energy applications. This is particularly relevant as a measure of the 'green' orientation of industries since it captures the extent to which future technological developments account for environmental concerns. Table A1 . 
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